Introduction
Household finance, a relatively new strand of literature in financial economics, has received growing attention during the past few years. As Campbell (2006) points out, the household finance literature asks "how households use financial instruments to attain their objectives", while papers in corporate finance question how firms "use financial instruments to further the interest of their owners, and in particular to resolve agency problems". This paper fits into the household finance literature by analyzing the role of human capital and education in investment decision making. Using new data that directly links information on the education of private investors and their trading history in domestic and foreign stocks, I examine whether better educated investors make smarter investment decisions and therefore achieve a higher investment performance than less educated ones. I also analyze how education influences excess trading, underdiversification, and the home bias phenomenon. In addition to the level of education, the data also reveals information about special education in certain fields. I exploit that issue by analyzing how specific knowledge influences investment decisions and trading patterns.
The data used in this paper has two unique features. First, it provides a direct link between the trading history of individuals and their education. Besides other sociodemographic variables like age, gender and nationality, the data reveals for each investor in the sample whether she has finished a university degree or not. An interesting characteristic of the education variable is that some academic degrees in the sample provide information on the particular type of studies of the investor, i.e. economics/business administration or science/engineering. This data like all other socio-demographic information is not self-reported, but has to be confirmed when the investor opens an account. The second specific feature of the sample is that investors are not restricted to trading domestic products. They may diversify internationally.
In household finance 2 , the role of education has been analyzed in the context of stock market participation of households (Mankiw and Zeldes (1991) , Bertaut (1998) , among 2 In contrast, human capital is an important variable in various fields of the economics literature. Romer (1986) develops a model of endogenous technological change where long-run growth is driven primarily by the accumulation of knowledge by the agents. Ashenfelter and Krueger (1994) estimate the economic returns to schooling and conclude that each completed year of school education raises the wage rate of workers by 12 to 16 percent. others). The general finding of this literature is that higher education of investors leads to a higher propensity to participate in the stock market. Christiansen et al. (2008) document that economists have a significantly higher probability of stock market participation than investors with any other educational background.
To my knowledge, research in household finance has lacked exact data that is able to directly link information on education and specific knowledge of investors to trading histories and investment decisions of individuals. The literature has tried to draw conclusions about the education of investors from other available variables. Dhar and Zhu (2006) use the occupational status of individuals to proxy for their education. They argue that people having professional occupations (professional/technical or managerial/administrative positions) are likely to possess a better education than those with non-professional occupations (white collar/clerical, blue collar/craftsman or service/sales positions). Goetzmann and Kumar (2008) and Kumar (2008a, 2008b) infer the education level of investors from their zip code. Individuals who live in a zip code area with a higher proportion of people with a bachelor's degree are assumed to be more educated. Sodini (2007, 2008) use high school and post-high school dummies for the household lead, but can link these variables to end-of-year wealth information only as their data does not provide the exact price and timing of asset trades. This paper contributes to this literature by using data which identifies information on the education of an investor unambiguously.
Research on individual investors has shown that the average private investor exhibits poor investment skill (Barber and Odean (2000) ). However, there seems to exist a small group of skilled investors who are able to persistently outperform the market (Coval et al. (2003) ). Very recent work by Grinblatt et al. (2009) links information on the trades of Finnish male investors to their IQ at draft age. They investigate whether high IQ investors outperform low IQ investors. They find that high IQ investors exhibit superior stock-picking abilities and superior trade execution.
This paper asks whether better educated investors make smarter investment decisions, in the sense that they achieve a higher performance and make less investment mistakes than less educated ones. But why should education predict investment skill? As several papers have mentioned, private investors face a tremendous search problem when choosing the most suitable investment possibility for their purposes among the universe of potential investment alternatives (i.e. Barber and Odean (2008) ). This paper proposes that better educated investors who had to handle huge information amounts when studying at university, might be better able to solve this search problem and therefore display higher investment skill than less educated individuals.
The retail investor literature has documented that private investors make investment decisions which do not follow the advice of mainstream finance. Barber and Odean (2000) show that individual investors hurt their stock investment performance by trading too much. They argue that overconfidence of individuals accounts for high trading levels. I investigate the relation between education and excess trading, considering that better educated investors might be more confident -or too confidentconcerning their investment skill.
The home bias phenomenon refers to the fact that investors tend to hold domestic portfolios despite the benefits of international diversification (French and Poterba (1991) ). The recent literature has put forward two main explanations for this bias.
Investors may prefer to invest locally because of the frictions associated with national boundaries. Grinblatt and Keloharju (2001) find that language, culture and distance are important attributes for investors when trading stocks. Knüpfer (2007) documents that investors living in high community spirit areas where people interact a lot with each other are more likely to overweight local stocks due to loyalty. Another explanation for preference for local stocks is related to informational advantages. Coval and Moskowitz (1999) show that investment managers overweight local stocks in domestic equity portfolios. They suggest asymmetric information between local and non-local investors as the main reason for selecting investments which are close from a geographical perspective. In the household finance literature, researchers disagree whether investors are able to exploit local knowledge and achieve superior returns in local stocks. Ivkovic and Weisbenner (2005) claim that individuals have better information about their local investments. Using the same dataset, Seasholes and Zhu (2005) strongly disagree and argue that the findings of Ivkovic and Weisbenner (2005) are driven by cross-sectional correlation of stock returns. They conclude that living near a company does not lead to any value-relevant informational advantage. Using new data, this paper attempts to shed further light on this discussion. Whereas Ivkovic and Weisbenner (2005) and Seasholes and Zhu (2005) are only able to compare local and nonlocal domestic investments, this
paper also looks at international investments of individual investors. I investigate whether better educated investors, possibly possessing better information processing capabilities, achieve different returns in their domestic and foreign investments than less educated individuals.
Several studies have documented that investors hold only a few assets in their stock portfolios. Ivkovic et al (2008) Looking at the relation between turnover and performance, the results of Barber and Odean (2000) who show that investors who trade less outperform individuals who trade most, can be confirmed for raw returns only. Including investor attributes in the analysis, we find that female investors in the highest turnover quintile outperform women in the lowest turnover quintile when measuring performance via Jensen's Alpha. This is true for both women with and without university degree. A panel regression analysis indicates that being male increases the stock turnover rate, whereas holding a university degree decreases it.
Analyzing portfolio concentration, we present evidence that diversified investors outperform individuals who hold concentrated portfolios. The performance differential between concentrated and diversified investors is higher for women than for men. We observe that individuals with a degree and traders who diversify across assets classes are more likely to hold a diversified stock portfolio. The turnover rate does not influence the decision to diversify across stocks.
Analyzing the home bias phenomenon, we find that male, successful and active traders are more likely to diversify internationally. We observe that internationally diversified investors achieve a better performance than individuals who trade local stocks only.
Better education decreases the likelihood of trading international stocks, but increases the performance of both local and international investors.
The remainder of this paper is organized as follows. Section 2 introduces the data used in this paper. Section 3 describes the methodology. Section 4 presents the results of the empirical analysis. Section 5 concludes.
Data
The data consist of two different files: an account data file, and a demographical data file. The data are provided by an Austrian online broker in anonymous form and range from September 2001 to July 2007 with a daily frequency.
The basic account data file contains the entire record of all trades of each investor over the sample period. In total, this file provides information about 3 338 686 different trades. Each investor's account can be identified via a unique account identifier. I further know the exact trade date, a unique identifier of the traded security, the quantity traded, the trade price (before transaction costs), the trade currency, the relevant exchange rate in case the security has been traded in another currency than EUR, an indicator whether the security has been sold or bought, and a variable that reveals the asset class of the traded security.
The account data contains trades in various assets classes: stocks, mutual funds, certificates, and options. I follow existing research and do not look at other asset classes than equity. Extracting all trades in stocks, I end up with 1 921 075 distinct trades to be analyzed.
The second data file provides the following socio-demographic information on the clients of the online broker: age, gender, academic degrees (education), and citizenship. Once an investor holds an academic degree, we obviously know that she finished university education. Furthermore, we are able to draw conclusions about the educational background and the fields of specialization of the investors via their degrees. "Ing" and "DI" reveal that the investor must have some science/engineering background where the former indicates that the investor has finished a program at a high school with a science curriculum and has at least three years of specific job experience and the latter means that the investor has finished some science/engineering program at university. Therefore, I am able to differentiate between investors with and without university education within the sub-sample of investors who have a science background.
The degree "Dkfm" reveals that this investor either holds an economics or a business degree from a university. It was used in Austria until 1975 and is still used in Germany while graduates from an Austrian business program now receive the degree "Magister" (abbreviated as Mag). Since the Austrian "Magister" nowadays might be held by graduates with diverse backgrounds including education, pharmacy, psychology, arts and humanities as well as economics and business administration, it is not possible to infer anything about their fields of specialization from this degree.
The degree "Dr" is also awarded to students with diverse backgrounds. It is carried by medical doctors as well as graduates who finish a PhD. Although it is not possible to draw any conclusions about the exact field of specialization of an investor from this degree, we do know, however, that such an investor finished a program with a total of at least six years of university education.
Table 2. Comparison of trader types and education characteristics
This table shows the number of investor with a specific degree in different trading-behavior related samples. The columns differentiate investors who trade any asset class ("All Traders") and investor who trade in equity at least once during the observation period ("Equity Traders"). The rows differentiate investors according to the specific degree that they hold. The first row ("Any") is the reference category and represents all sample investors with a degree. "Ing" and "DI" refer to investors who have a technical/engineering background (the latter have studied at university, the former not) and "Dkfm" represents investors with special education in economics/business administration. "Mag" and "Dr" investors may have any educational background, while the latter had at least six years of university education. Percentages are calculated columnwise and are given in parenthesis.
Degree
All Table 2 shows how all 6875 investors who hold a degree are distributed in different trader type related samples. The following is true for the whole sample of investors as well as for the subsample of individuals who trade in equity. We observe that the majority of academics, around 40%, hold the degree "Mag", a degree that cannot be used for drawing conclusions about a specific background, similar to around 18% of investors who hold the degree "Dr". However, from about 40% of investors we know that they have a technical background: around 22% of the degreeholders may use the degree "Ing", and 19% have finished a technical/engineering education at a university and hold the degree "DI". This table compares the portfolio and socio-demographic characteristics of all equity traders ("All"), stock traders with and without a degree ("Degree" and "No Degree", respectively). "Proportion Option Trader" and "Proportion Mutual Fund Trader" refers to individuals who trade at least once in options or mutual funds, respectively. "Proportion Male" describes the percentage of male investors. "Average Trade Size" is the mean amount invested when trading in stocks. "Average Number Stock Trades" and "Median Number Stock Trades" are the average and median number of stock trades per investor over the whole observation period, respectively. "Age" is the mean age when investors trade in stocks. 
Characteristic

Methods
Measuring Raw Returns
I consider all trades in stocks for which end-of-month price time series can be downloaded from Thomson Datastream as of December 2007. I follow the approach by Barber and Odean (2000) when calculating monthly returns for investors' stock portfolios. Purchases and sales of stocks are treated as if they are performed on the last day of the month, i.e. the exact timing of the trades is disregarded. In case of a purchase, the return made from the exact trading time until month-end is excluded. In case of a sale, the return from the sell date until the last day of the month is included. Stocks that are bought and sold within a month are not considered.
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I drop all monthly portfolio returns which exceed the 99% percentile to remove extreme and unreasonable data points. I also delete all return observations that are achieved when the investor is below the age of 25. I select that threshold because students are likely to have finished their education in Austria by that age.
I calculate value weighted returns where the weight of a specific stock is its market value at the end of a particular month divided by the market value of the whole stock portfolio at the same time.
Risk Adjusted Performance
In addition to raw returns, I compute several measures of risk adjusted performance. Second, I employ an intercept test using the international model proposed by Fama and French (1998) :
where MKTRF t is the value weighted return on a global market factor minus the riskfree rate in month t, , and HML t is the value weighted return on a global portfolio of high book-to-market stocks minus the value weighted return on a global portfolio of low book-to-market stocks in month t. 
Measuring Turnover
Monthly total turnover is measured as the average of buy turnover and sales turnover in a particular month. Similar to Odean (2000, 2001) , buy turnover BT t and sales turnover ST t for month t are calculated as follows:
where N j,t is the number of stocks held by investor j in month t, B i,t is the number of stock i bought during month t, S i,t is the number of stock i sold during month t, p i,t and p i,t+1 is the market value of stock i divided by the total market value of the portfolio at the beginning of month t and month t+1 respectively, H i,t and H i,t+1 is the number of stock i held at the beginning of month t and month t+1 respectively. Maximum turnover cannot exceed 100 percent in a month. We estimate the model above using both pooled OLS and random effects analysis, accounting for clustered standard errors. Table 4 presents the independent variables that are used when estimating the models.
Econometric
Independent Variables
We include independent variables that are fixed over the observation period, and variables that change over time.
The variables "Mf_trader" and "Ow_trader" indicate whether the investor -additionally to trading stocks -also invests in mutual funds and options or warrants respectively.
"Age" displays the age of the investor at the end of a particular trading month. "Male"
provides information about the gender of the investor. It is included in the analysis in order to compare the results of this paper to the ones of Barber and Odean (2001) .
The variable "Degree" differentiates between academics and non-academics. It reveals whether an investor holds any degree at all. With the dummies "Tech" and "Econ", it is possible to draw conclusions about a specific academic background of the trader.
"Tech" reveals whether the investor possesses either the degree "Ing" or "DI", which both refer to a science/engineering background. "Econ" is used to identify investors with special education in economics or business administration. "Long Educ" shows whether the investor has completed doctoral studies, indicating that she has received a university education for a minimum of six years. "Mag" is a university degree that does not reveal any information about the specific field of studies of the investor.
"Num_trade", "Num_buy" and "Num_sale" display the number of all trades, the number of all purchases and the total number of sales of investor i during month t respectively. "Turnover" is the total turnover rate of investor i during month t, calculated as the average of buy turnover and sell turnover during month t. For a detailed description of the calculation of the investor turnover rate, please refer to section 3.3.
"Vw_pfret_lag1" is the return of investor i's stock portfolio in month t-1. "Market" and "Market_lag1" refer to the return of the Austrian Traded Index (ATX) in month t and month t-1 respectively. 
Excess Trading
In section 3.4.1, we have introduced a panel data analysis where we examine the relation between stock investment performance and investor attributes, focusing in particular on investor education. In order to investigate the relation between excess trading and investor characteristics, we perform a similar analysis. We now use various measures expressing the trading behavior of individuals as dependent variables when estimating pooled OLS and random effects models: the monthly total turnover rate, the total number of trades during a particular month, the number of purchases per month, as well as the number of sales per month. The independent variables consist of market information and investor-specific characteristics which are presented in table 4. For further details on the model setup, please refer to section 3.4.1.
Portfolio Concentration
This paper follows Ivkovic et al (2008) in classifying individuals as concentrated or diversified investors by looking at the number of stocks in an individuals' stock portfolio. Concentrated investors hold one or two stocks, whereas diversified investors hold more than two stocks in their portfolio. For both concentrated and diversified investors, we compute the performance measures introduced in section 3.1 and 3.2: raw returns, CAPM alphas, and alphas resulting from international one-factor and two-factor models. We do also calculate the performance differential and test it for significance.
Please note that we use all available data to calculate the difference portfolio. As a result, the differential portfolio is not always the exact difference between the concentrated and the diversified portfolio (as it would be when using matching months only).
In order to examine the relation between portfolio concentration and education as well as other investor characteristics, we perform a similar analysis as in section 3.4.1 and section 3.4.3. We estimate pooled OLS and random effects models where the number of stocks in an investor's portfolio in a particular month is regressed on investor attributes and market information. Details on the independent variables can be found in section 3.4.2 and table 4.
Home Bias
To check for the consequences of home bias, we identify investors who trade Austrian stocks only and individuals who do also buy international stocks. For those two samples, we calculate the same performance measures as introduced in section 3.1.1.
We also calculate the performance differential and test it for significance, using all available data.
As described in the previous subsections, we perform a panel regression analysis to analyze the influence of education and other investor attributes on the performance of local and international investors, using pooled OLS and random effects models.
Results
General Performance
In this section, we analyze the stock investment performance of the individuals in our sample and investigate its relation to investor-specific attributes. We start with a descriptive performance analysis (table 5) , followed by a thorough panel model analysis (table 6 and 7) . Table 5 shows several performance measures for various investor groups which are formed based on investor gender and investor education. We compare value weighted raw returns before transaction costs ("Raw Return"), and the intercepts resulting when regressing the value weighted excess group stock portfolio return on the market excess return ("Alpha ATX" and "Alpha MKTGLOB", depending on which market index is applied), on a global market factor and a global distress factor following Fama and French (1998) , ("Alpha FF98").
We find that the average investor in our sample achieves a monthly raw return of 61 basis points. We observe that the measurement of investment skill seems to be sensitive to the choice of the market index for our sample. The alpha achieved by the average sample investor when using the Austrian Traded Index as market index is minus 1.68%
per month, but increases to 0.89% per month when using global market index in the market model. The alpha measured by the Fama and French (1998) model is insignificant for the average sample investor.
Table 5. Performance Measures and Investor Types
This table shows various performance measures for different investor groups which are formed based on investor attributes. "Raw Return (VW)" is the mean monthly value weighted stock portfolio return of individual investors before transaction costs. "Alpha ATX" and "Alpha MKTGLOB" are the resulting intercepts when regressing the excess value weighted stock portfolio return on the excess return of the Austrian Traded Index (ATX) and the excess return of a global market factor index respectively. "Alpha FF98" is the intercept resulting from a two-factor model as proposed by Fama and French (1998) . The stock portfolio return is regressed on the return of a global market factor and the return of a risk factor for relative distress. t-statistics can be found in parenthesis. For all performance measures, we reach the following conclusions when comparing investor groups. Men achieve on average a lower stock investment performance than women, i.e. 59 versus 74 basis points per month when looking at raw returns, confirming the findings of Barber and Odean (2001) . Analyzing education, we find that the performance differential is statistically significant for raw returns and the global market alpha only. Looking at raw returns, we observe that investors with a degree achieve on average a stock investment performance which is 54 basis points higher than the portfolio performance of investors who have not finished some university education.
Raw
This performance differential is 47 basis points when analyzing global market alphas. If we form investor groups based on gender and education at the same time, we find that male investors with a degree outperform men without degree by 53 basis points per month when using raw returns. This result is also true and statistically significant for all other performance measures. For women, we do also find that those with a degree achieve a higher performance than female investors without university education, although this result is statistically significant for raw returns only. Tables 6 and 7 show the coefficients resulting from pooled OLS regressions and random effects model estimations. The dependent variable is the value weighted monthly stock portfolio return. All independent variables are described in table 4. In table 6, we control for excess trading by including the total number of trades during a specific month as independent variable. In table 7, we differentiate between the total number of purchases and sales during a particular month, leaving all other independent variables equal. The lower part of the tables reveals which econometric approach is applied, i.e.
pooled OLS vs. random effects models. Some models do not produce standard errors which are robust to within cluster correlation, others account for clustered standard errors in the investor dimension, and some models produce standard errors which account for two dimensions of within cluster correlation (i.e. investors and time).
The following results seem to be robust as we reach the same conclusions no matter which model is estimated. Stock traders which additionally invest in other asset classes achieve a higher portfolio return, holding all other variables constant. As can be seen from table 6, being a mutual fund trader increases the monthly raw return by 46 basis points in the pooled OLS model (column (1) and (2)), and by 76 basis points in the random effects model (column (3) and (4)). Trading options or warrants besides stocks does influence the stock investment performance even more positively: the monthly raw return rises by 0.72% (columns (1) to (4)). We find evidence that older investors achieve a higher stock investment performance than younger ones, though the coefficient of the age coefficient is close to zero. Consistent with the findings of Barber and Odean (2001) 9 , the coefficient of the gender dummy is negative and ranges from minus 33 to minus 39 basis points, depending on the model estimated. Focusing on education, it can be observed that holding a university degree increases the monthly raw stock investment performance of private investors by 0.51% when estimating the pooled OLS models, and by 0.74% when fitting the random effects models. If the degree variable is split up into different backgrounds, we find that all distinct degrees have a positive coefficient, with the "Mag" degree having the most positive influence on the stock investment performance (73 basis points using pooled OLS vs. 97 basis points using the random effects model), followed by investors who have finished doctoral studies (69 vs. 99 basis points respectively) and individuals with special knowledge in technical disciplines (24 vs. 43 basis points respectively). Unlike the results for all other independent variables, the coefficient of the "Econ" variable -investors with special education in economics and business administration -is insignificant for 75% of the estimated models. Unlike in Barber and Odean (2000), we find no evidence that the trading frequency does influence the stock investment performance of individuals in our sample: the coefficients are close to zero and often insignificant. 
Excess Trading
Turnover
In this section, we examine the relation between the turnover rate of an investor's stock portfolio and investor-specific socio-demographic attributes. We start with a descriptive analysis where we relate the mean and distribution of the turnover rate to investor attributes. We add a descriptive performance analysis where we examine the relation between socio-demographic characteristics and various performance measures according to turnover quintiles. We then fit different panel data models where we regress the investor turnover rate on trader specific attributes and market information. Table 8 shows descriptive statistics for monthly total turnover rates of individual investors according to their socio-demographic attributes. The individuals in this sample are quite active investors: the average total turnover is 22.66% per month. We observe that the turnover rate for men (22.85%) is greater than the one for women (21.62%).
Investors with degree are less active traders than those without degree (20.91% versus 23.52% respectively). This table presents the mean monthly total turnover rate as well as turnover centiles for different investor groups which are formed on the basis of demographic attributes. Total turnover is defined as the average of buy and sell turnover. Tables 9 to 11 present several performance measures which are sorted into quintiles based on mean monthly total turnover (the average of buy and sell turnover), and which are presented for various investor groups. These groups are formed according to investor gender and education. Barber and Odean (2000) claim that "trading is hazardous to your wealth" due to their finding that investors with high turnover underperform those with low turnover. Our analysis of performance, turnover and investor attributes cannot confirm their result for all performance measures and all investor groups.
Analyzing raw returns and turnover presented in table 9 (Panel A), we find results similar to Barber and Odean (2000) . With one exception (female investors without degree), we observe that investors in the lowest turnover quintile outperform individuals in the highest turnover quintile. Within both the lowest and the highest turnover quintile, women outperform men, and investors with degree outperform individuals without university education. The same is true if we combine gender and education at the same time: women with and without degree always achieve a better performance than their male counterpart. Table 10 shows global alphas, using a global market factor (Panel C) and both a global market factor and a global distress factor (Panel D) as independent variables. Again, alphas are sorted into turnover quintiles and calculated for different investor groups.
The results are no longer in line with Barber and Odean (2000) . For both panel B, C, and D, we find that female investors in the highest turnover quintile outperform women in the lowest turnover quintile, no matter whether they have a university degree or not. (8)), we observe that all background variables get a negative and statistically significant coefficient, except the coefficient for the "Econ" variable which is positive and insignificant. Looking at past performance, we find that a rise of the one-month lagged market portfolio return by 1 percent increases the turnover rate by 11 basis points when estimating the pooled OLS model in column 1 (i.e. 0.0120*0.01 = 0.0012 = 0.12%). A 1-percent increase in the performance of the own portfolio raises the turnover rate by 1 basis point, again fitting model (1). The coefficients are slightly higher for the own portfolio return when fitting a random effects model, but seem to remain economically insignificant.
Robustness Check: Trading Frequencies
In this section, we present some robustness checks for our analysis of the relation between excess trading and investor education. We replace the turnover rate with other variables which measure trading frequencies: the number of stock purchases initiated by an investor during a particular month, the number of sales, and the total number of monthly trades per investor. We repeat our analyses from the previous section with the new variables. (4) to (6), the degree dummy is split into different backgrounds. This table shows the coefficients resulting from several panel data regressions. The dependent variable is the logarithm of the total number of stock sales of individual investors during a sample month. "Vw_pfret_lag1" and "Market_lag1" are the value weighted investor stock portfolio return and the return of the ATX during the previous month respectively. All other independent variables are described in table 4. The lower part of the table reveals whether a pooled OLS or a random effects model is estimated and whether the standard errors are robust to within cluster correlation. All standard errors are heteroskedasticity consistent. t-statistics/z-statistics can be found in parenthesis below the coefficients. Dependent Variable: ln(number_of_sales) (1) (2) (3) (4) (5) (6) -0.0615*** -0.0574*** -0.0574*** -0.0620*** -0.0577*** -0.0577** No matter whether we use the total number of trades, the number of buys, or the number of sales as dependent variable, we get the following results which confirm our prior panel analysis of the turnover rate. Being male, trading in options besides stocks, and age increases the number of trades. A positive market environment in the previous month and positive prior portfolio performance do also boost the trading frequency.
Analyzing education, we find that having a degree diminishes the number of trades. If the degree variable is split up into different backgrounds, we find that all but the "Econ" variable have a negative coefficient, but only the "Mag" variable remains statistically significant.
Portfolio Concentration
In this section, we investigate how investor characteristics influence the number of stocks which are held in an investors' portfolio. We start with a descriptive analysis and present the mean and the distribution of the number of stocks in the investor portfolio.
We then fit a logit model where we regress a binary variable which takes value 1 if the investor holds a concentrated portfolio and value 0 otherwise on investor-specific attributes. We add a performance analysis where we contrast the investment success of concentrated and diversified traders. We then fit various panel models to determine the relation between the number of stocks in an investor's portfolio and other investorspecific attributes. Whenever we differentiate between concentrated and diversified investors, we use the definition of Ivkovic et al (2008) , who categorize investors as concentrated if they hold one or two stocks in their portfolio. They call them diversified if the stock portfolio consists of three or more assets. Table 18 shows the mean as well as the distribution of the number of stocks in individuals' portfolios for various investor groups which are defined on the basis of socio-demographic characteristics. We observe that the stock portfolio of the average sample investor consists of 3.89 stocks. Men hold more stocks than women (3.95 vs.
3.56), as do investors with university degree compared to individuals without degree (4.17 vs. 3.76).
Sorting on education and gender, we find that the highest number of stocks is held by men with degree (4.22), followed by male investors without degree (3.82), and women who have and have not successfully finished university education (3.74 and 3.51 respectively).
In a next step, we analyze how investor-specific attributes influence the choice to hold concentrated or diversified stock portfolios. We fit a maximum-likelihood logit model where we use an indicator variable which takes value 1 if the investor holds a concentrated portfolio and value 0 otherwise as dependent variable. The independent variables are as follows: the average age of the individual when trading stocks, a gender dummy, diversification dummies which indicate whether the investor trades other asset classes besides stocks, education dummies, the average stock investment performance per month, and the average monthly stock turnover rate. Table 19 displays the coefficients resulting from this logit analyis. For interpretation purposes, we transform the coefficients into odds ratios. We observe that individuals who diversify across asset classes are also more likely to diversify within their stock portfolio. The odds of having less than three stocks in the portfolio decrease by a factor of e(-0.2979) = 0.74 for stock traders who do also invest in mutual funds, and by a factor of 0.54 if the investor does also trade options or warrants. The turnover rate does not influence the decision to diversify. For every year the individual gets older, the odds of holding a concentrated portfolio decrease by 3 percent. It goes down by 19% if the investor is male. If we examine the role of the education dummies, we find that holding a degree decreases the odds of being a concentrated investor by 12 percent. Looking at specific degrees, we observe that only the "Tech" and "Long_Educ" dummies are significant and decrease the odds of holding less than three stocks on average by 18 percent and 13 percent respectively. This table presents the coefficients from a logit regression. The dependent variable is called "Concentrated Investor" and has value 1 if the investor holds a concentrated portfolio of less than 3 stocks and 0 otherwise. The independent variables are investor-specific. "Age" is the average age of the investor when trading stocks. "Portfolio Performance" and "Turnover Rate" are the mean monthly stock investment performance and the average monthly stock turnover rate of the trader respectively. All other independent variables are as described in per month when looking at raw returns. The differential is 1.58% for ATX alphas, 1.60% for global alphas, and 1.81% for alphas according to Fama and French (1998) .
The performance difference between concentrated and diversified investors is more pronounced for female than for male traders (2.52% vs. 2.36% respectively for raw returns). It is also more obvious for investors without university degree than for those with university education (2.54% vs. 2.03% respectively for raw returns). In order to further investigate the relation between socio-demographic investor characteristics, market information, and the number of stocks in an individual's portfolio, we perform various panel model regressions. 
Home Bias
In this section, we investigate the relation between an investor's international diversification behavior and investor-specific socio-demographic characteristics with emphasis on the education of the trader. We start with a logit model analysis where we examine how investor attributes influence the decision to trade non-local stocks. We add a performance analysis where we contrast the investment success of local and
international stock traders.
To analyze the question whether better educated investors are more likely to diversify internationally, we perform a logit regression analyis. We estimate a cross-sectional logit model where the dependent variable takes on the value 1 if the investor trades international stocks over her trading life at the online broker, and a value of 0 if she trades Austrian stocks only. We call this binary variable "International Trader" and regress it on the following investor specific variables: the average age of the investor when trading stocks, a gender dummy, diversification dummies which indicate whether the investor trades other asset classes besides stocks, education dummies, the average monthly stock investment performance, and the mean stock turnover rate per month. Table 23 presents the estimated coefficients resulting from this logit analysis. We find that male investors as well as successful and very active traders are more likely to diversify internationally. Being male increases the odds of trading international stocks by a factor of e(0.5255) = 1.69. The odds of being an international trader go up by a factor of e(2.2136)^0.01 = 1.02 if the monthly average turnover rate of the investor increases by 1 percent. Similarly, if the average portfolio performance achieved by the individual rises by 1 percent, the odds of diversifying internationally increase by a factor of 1.0042. Looking at education, we observe that the odds of trading international stocks are 14.5% lower when the trader holds a university degree. Analyzing specific degrees, we find that all backgrounds decrease the odds of diversifying internationally.
The coefficients of the Econ variable and the Tech variable are insignificant. Having analyzed the influence of trader characteristics on their decision to diversify internationally, we turn to a performance analysis where we contrast the performance of local and international traders. Table 24 We focus our analysis of the performance difference between local and internationally diversified on the raw returns in panel A, as Panel B, C, and D deliver insignificant performance differentials. We find evidence that on average international traders outperform local investors by 29 basis point per month. Among international investors, degreeholders achieve a better performance than investors without degree (0.57% versus -0.19% respectively). These patterns are reversed for local investors. Contradicting the standard literature, the coefficient of the turnover variable is positive which will be further investigated and checked for robustness in the next version of this paper.
Table 25. International vs. Local Stock Investment Performance II
This table presents the intercepts from two regression models. In Panel C, the excess monthly stock portfolio return is regressed on the excess return of a global market factor. In Panel D, the excess monthly stock portfolio return is regressed on the excess return of the same market factor as in Panel C and the return of a global distress factor. Investors are called "Local" (columns (2) and (4)) if they trade Austrian stocks only, and "International" (column (1) and (3)) otherwise. Investors are further classified into groups according to their socio-demographic characteristics. t-statistics are given in parenthesis. 
Conclusion
This paper asks whether better educated investors make smarter investment decisions. Analyzing the relation between turnover and performance, Barber and Odean (2000) show that "trading is hazardous to your wealth". Using a different data set, I can confirm this result for raw returns only. Including investor attributes in the analysis, I
find that female investors who trade most outperform women in the lowest turnover quintile when measuring performance via Jensen's Alpha. A panel regression analysis indicates that being male increases the stock turnover rate, whereas holding a university degree decreases it.
I find that diversified investors achieve a better stock investment performance than individuals with concentrated portfolios. The performance differential is higher for female investors than for men. I document that stock investors who do also trade other assets classes hold better diversified stock portfolios.
Comparing local and international stock traders, I find that internationally diversified investors outperform individuals who trade local stocks only. Investors without degree, as well as male traders and individuals with a high turnover rate are more likely to trade international stocks.
